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• Language modeling definition:

– Causal vs. Masked language modeling.

• N-gram language models.

• Neural language models.

– Encoder, Decoder, Encoder-Decoder architectures.

– FCNs → RNNs → Transformer

• Large Language Models (LLM) basics:

– Autoregressive Generation and Training Scheme.
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Outline

• The AI Inverse Problem:

– From predicting words to AI.

• What is Intelligence?



Language Modeling (LM)

• Causal Language Modeling:
– Predict the next word in a sequence:

• AI systems use machine _____
   eat?
           learning?
           frogs?
   …

• The LM estimates P(word | word-1, word-2, ...)
– we want P(learning | machine, use) >> P(about | machine, eat).

– Decoder neural architectures are widely used to train LMs:
• GPT, Gemini, Llama, Grok, Mixtral, Claude, …
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Language Modeling (LM)

• Masked Language Modeling:
– Predict the most likely word in a context:

• AI systems use machine _____ models for language understanding .
   eat?
           learning?
           frogs?
   …

• The LM estimates P(word | word-1, word-2, ...; word1, word2, ...)
– we want P(learning | machine, use; models, for ) >> P(frogs | machine, use; models, for).

– Encoder neural architectures are used to train masked LMs.
• BERT, RoBERTa, DistilBERT, …
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Language Modeling



Everyday Uses of LMs



Everyday Uses of LMs
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• The AI Inverse Problem:

– From predicting words to AI.

• What is Intelligence?



N-gram Language Models



N-gram Language Models



N-gram Language Models: Example



Sparsity Problems with N-gram Language Models



Storage Problems with N-gram Language Models



N-gram Language Models in Practice



Generating Text with a Language Model



Generating Text with a Language Model



Generating Text with a Language Model



Generating Text with a Language Model



Generating Text with a Language Model



• N-gram LMs exhibit extremely little “understanding” of language due to their weak 
generalization.

• N-gram LMs do not generalize to:
– Unseen words:

• spinach and kale are considered completely different words.
• sim(spinach, kale) = sim(spinach, laptop) = 0.

– Unseen combinations of known words.

– Longer context.

21

N-gram Language Models are Shallow Learners



Language 
Models

Evaluating Language Models



Better LMs are better at predicting text

Reminder of the chain rule:
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Figure 7.15 Pretraining and finetuning. A pre-trained model can be finetuned to a particular
domain or dataset. There are many different ways to finetune, depending on exactly which
parameters are updated from the finetuning data: all the parameters, some of the parameters,
or only the parameters of specific extra circuitry, as we’ll see in future chapters.

7.6 Evaluating Large Language Models

We can evaluate language models by accuracy (how well they predict unseen text,
by how well they perform tasks like answering questions or translating text), or by
other factors like how fast they can be run, how much energy they use, or how fair
they are. We’ll explore all of these in the next three sections.

7.6.1 Perplexity

As we first saw in Chapter 3, one way to evaluate language models is to measure
how well they predict unseen text. A better language model is better at predicting
upcoming words, and so it will be less surprised by (i.e., assign a higher probability
to) each word when it occurs in the test set.

If we want to know which of two language models is a better model of some text,
we can just see which assigns it a higher probability, or in practice, since we mostly
deal with probabilities in log space, we see which assigns a higher log likelihood.

We’ve been talking about predicting one word at a time, computing the probabil-
ity of the next token wi from the prior context: P(wi|w<i). But of course as we saw
in Chapter 3 the chain rule allows us to move between computing the probability of
the next token and computing the probability of a whole text:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2) . . .P(wn|w1:n�1)

=
nY

i=1

P(wi|w<i) (7.8)

We can compute the probability of text just by multiplying the conditional proba-
bilities for each token in the text. The resulting (log) likelihood of a text is a useful
metric for comparing how good two language models are on that text:

log likelihood(w1:n) = log
nY

i=1

P(wi|w<i) (7.9)

However, we often use another metric other than log likelihood to evaluate language
models. The reason is that the probability of a test set (or any sequence) depends
on the number of words or tokens in it. In fact, the probability of a test set gets
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7.6 Evaluating Large Language Models

We can evaluate language models by accuracy (how well they predict unseen text,
by how well they perform tasks like answering questions or translating text), or by
other factors like how fast they can be run, how much energy they use, or how fair
they are. We’ll explore all of these in the next three sections.

7.6.1 Perplexity

As we first saw in Chapter 3, one way to evaluate language models is to measure
how well they predict unseen text. A better language model is better at predicting
upcoming words, and so it will be less surprised by (i.e., assign a higher probability
to) each word when it occurs in the test set.

If we want to know which of two language models is a better model of some text,
we can just see which assigns it a higher probability, or in practice, since we mostly
deal with probabilities in log space, we see which assigns a higher log likelihood.

We’ve been talking about predicting one word at a time, computing the probabil-
ity of the next token wi from the prior context: P(wi|w<i). But of course as we saw
in Chapter 3 the chain rule allows us to move between computing the probability of
the next token and computing the probability of a whole text:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2) . . .P(wn|w1:n�1)

=
nY

i=1

P(wi|w<i) (7.8)

We can compute the probability of text just by multiplying the conditional proba-
bilities for each token in the text. The resulting (log) likelihood of a text is a useful
metric for comparing how good two language models are on that text:

log likelihood(w1:n) = log
nY

i=1

P(wi|w<i) (7.9)

However, we often use another metric other than log likelihood to evaluate language
models. The reason is that the probability of a test set (or any sequence) depends
on the number of words or tokens in it. In fact, the probability of a test set gets

So given a text w1:n we could just compare the log likelihood from two LMs:



Probability depends on size of test set:
• Probability gets smaller the longer the text
• We would prefer a metric that is per-word, normalized 

by length.

Perplexity is the inverse probability of the test set, 
normalized by the number of words:
• The inverse comes from the original definition of perplexity 

from cross-entropy rate in information theory.
• Probability range is  [0,1], perplexity range is [1,∞

But raw log-likelihood has problems



Perplexity

We use perplexity to measure how well the LM predicts unseen 
text.
The perplexity of a model θ on an unseen test set is the inverse 
probability that θ assigns to the test set, normalized by the test 
set length. 
For a test set of n tokens w1:n the perplexity is :
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the pretraining data, and so you’ll sometimes see this method called continued pre-
training.continued

pretraining
Retraining all the parameters of the model is very slow and expensive when the

language model is huge. So instead we can freeze some of the parameters (i.e., leavefreeze
them unchanged from their pretrained value) and train only a subset of parameters
on the new data. In Section 10.5.3 we’ll describe this second variety of finetun-
ing, called parameter-efficient finetuning, or PEFT. because we efficiently select
specific parameters to update when finetuning, and leave the rest in their pretrained
values.

In Chapter 11 we’ll introduce a third kind of finetuning, also parameter-efficient.
In this version, the goal is to use a language model as a kind of classifier or labeler
for a specific task. For example we might train the model to be a sentiment classifier.
We do this by adding extra neural circuitry (an extra head) after the top layer of the
model. This classification head takes as input some of the top layer embeddings of
the transformer and produces as output a classification. In this method, most com-
monly used with masked language models like BERT, we freeze the entire pretrained
model and only train the classification head on some new data, usually labeled with
some class that we want to predict.

Finally, in Chapter 12 we’ll introduce a fourth kind of finetuning, that is a cru-
cial component of the largest language models: supervised finetuning or SFT. SFT
is often used for instruction finetuning, in which we want a pretrained language
model to learn to follow text instructions, for example to answer questions or follow
a command to write something. Here we create a dataset of prompts and desired
responses (for example questions and their answers, or commands and their ful-
fillments), and we train the language model using the normal cross-entropy loss to
predict each token in the instruction prompt iteratively, essentially training it to pro-
duce the desired response from the command in the prompt. It’s called supervised
because unlike in pretraining, where we just take any data and predict the words in
it, we build the special finetuning dataset by hand, creating supervised responses to
each command.

Often everything that happens after pretraining is lumped together as post-training;
we’ll discuss the various parts of post-training in Chapter 12 and Chapter 13.

10.4 Evaluating Large Language Models

Perplexity As we first saw in Chapter 3, one way to evaluate language models is
to measure how well they predict unseen text. Intuitively, good models are those that
assign higher probabilities to unseen data (are less surprised when encountering the
new words).

We instantiate this intuition by using perplexity to measure the quality of aperplexity

language model. Recall from page ?? that the perplexity of a model q on an unseen
test set is the inverse probability that q assigns to the test set, normalized by the test
set length. For a test set of n tokens w1:n, the perplexity is

Perplexityq (w1:n) = Pq (w1:n)
� 1

n

= n

s
1

Pq (w1:n)
(10.7)

To visualize how perplexity can be computed as a function of the probabilities the
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smaller the longer the text is; this is clear from the chain rule, since if we are mul-
tiplying more probabilities, and each probability by definition is less than zero, the
product will get smaller and smaller. So it’s useful to have a metric that is per-token,
normalized by length, so we could compare across texts of different lengths.

A function of probability called perplexity is such a length-normalized metric.perplexity

Recall from page ?? that the perplexity of a model q on an unseen test set is the
inverse probability that q assigns to the test set (one over the probability of the test
set), normalized by the test set length in tokens. For a test set of n tokens w1:n, the
perplexity is

Perplexityq (w1:n) = Pq (w1:n)
� 1

n

= n

s
1

Pq (w1:n)
(7.10)

To visualize how perplexity can be computed as a function of the probabilities the
LM computes for each new word, we can use the chain rule to expand the computa-
tion of probability of the test set:

Perplexityq (w1:n) = n

vuut
nY

i=1

1
Pq (wi|w<i)

(7.11)

Note that because of the inverse in Eq. 7.10, the higher the probability of the word
sequence, the lower the perplexity. Thus the the lower the perplexity of a model on

the data, the better the model. Minimizing perplexity is equivalent to maximizing
the test set probability according to the language model. Why does perplexity use
the inverse probability? The inverse arises from the original definition of perplexity
from cross-entropy rate in information theory; for those interested, the explanation
is in Section ??. Meanwhile, we just have to remember that perplexity has an inverse
relationship with probability.

One caveat: because perplexity depends on the number of tokens n in a text, it
is very sensitive to differences in the tokenization algorithm. That means that it’s
hard to exactly compare perplexities produced by two language models if they have
very different tokenizers. For this reason perplexity is best used when comparing
language models that use the same tokenizer.

7.6.2 Downstream tasks: Reasoning and world knowledge

Perplexity measures one kind of accuracy: accuracy at predicting words. But there
are other kinds of accuracy. For each of the downstream tasks we want to apply
our language model, like question answering, machine translation, or reasoning,
we could measure the accuracy at those tasks. We’ll have further discussion of
these task-specific evaluations in future chapters; machine translation in Chapter 12,
information retrieval in Chapter 11, and speech recognition in Chapter 15.

Here we briefly introduce one such metric: a mechanism for measuring accu-
racy in answering questions, focusing on multiple-choice questions. This dataset is
MMLU (Massive Multitask Language Understanding), a commonly-used dataset ofMMLU

15,908 knowledge and reasoning questions in 57 areas including medicine, mathe-
matics, computer science, law, and others. Accuracy at answering these multiple-
choice questions can be a useful proxy for the model’s ability to reason, and its
factual knowledge.



Perplexity

• The higher the probability of the word sequence, the lower 
the perplexity.

• Thus, the lower the perplexity of a model on the data, the 
better the model. 

• Minimizing perplexity is the same as maximizing 
probability.

Also: perplexity is sensitive to length/tokenization so best used 
when comparing LMs that use the same tokenizer. 
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• The AI Inverse Problem:

– From predicting words to AI.

• What is Intelligence?



Neural LMs

https://www.sciencefocus.com/planet-earth/asteroid-impact-change-earths-orbit
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Word Embeddings

• Neural LMs use as input word embeddings:
– Vectors that are short, e.g. 256, 512, 768, 1024, or 3,072, and dense, e.g. most if not all entries are 

non-zero.
• Very unlike one-hot encodings, which are long and sparse.

• We want word embeddings to represent word meanings:
– What do we mean by “word meaning”?
– How do we train word embeddings to represent word meaning?

• How do we determine their quality?
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• Classical approach uses a dictionary and the context.

• Depending on the context, a word is used to refer to a particular concept, i.e. sense, 
i.e. word meaning:
– The word “pepper” has multiple meanings, as listed in the dictionary:

• sense 1: spice from pepper plant
• sense 2: the pepper plant itself
• sense 3: another similar plant (Jamaican pepper)
• sense 4: another plant with peppercorns (California pepper)
• sense 5: capsicum (i.e. chili, paprika, bell pepper, etc)

31

What do words mean?



• Classical theory of concepts:

– The meaning of a word is a concept that is defined by necessary and sufficient conditions.

• The following necessary conditions, jointly, are sufficient for an object x to be a square:

– x has (exactly) four sides

– each of x's sides is straight

– x is a closed figure

– x lies in a plane

– each of x's sides is equal in length to each of the others

– each of x's interior angles is equal to the others (right angles)

– the sides of x are joined at their ends

32

Aristotle: What is a concept?



• Philosophical Investigations (1945, # 66): 

Don’t say “there must be something common, or they would not be called ‘games’”—but look and see 

whether there is anything common to all”

– Is it amusing? Is there competition? Is there long-term strategy? 

– Is skill required? Must luck play a role? 

– Are there cards? Is there a ball?

– …

33

Wittgenstein to Aristotle: But what is a game?



• Wittgenstein (1945):
 The meaning of a word is its use in the language.

• Harris (1954):
Words that occur in the same contexts tend to have similar meanings.

• Firth (1935, 1957):
 The complete meaning of a word is always contextual, and no study of meaning apart from a complete 
context can be taken seriously.

 You shall know a word by the company it keeps.
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Distributional Semantics Idea



Distributional Semantics

• The meaning of a word is determined by the words that appear nearby, i.e. its 
context.
– Words that appear in the same contexts tend to have similar meanings.
– One of the most successful ideas of modern statistical NLP!
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Distributional Semantics and Neural LMs

• Learn word embeddings by training a neural network to predict a missing word 
given words in the context.
– This is a special type of reconstructing the input idea used in other modalities, such as computer 

vision (see autoencoders).

• Causal LMs trained using the distributional hypothesis:
– Context: words so far.
– Missing word: next word.

• Masked LMs trained using the distributional hypothesis:
– Context: words to the left and to the right of the center word.
– Missing word: word in the center.
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Neural Language Modeling: Decoder
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Neural Language Modeling: Decoder
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Neural Language Modeling: Decoder
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Neural Language Modeling: Encoder
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Neural Language Modeling: Encoder
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Neural Language Modeling: Encoder-Decoder
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• What is Intelligence?



How to build a Neural LM?



Fully Connected Networks (FCNs)



FCNs with a Fixed-Window



FCNs with a Fixed-Window



Recurrent Neural Networks (RNNs)



RNN Decoder with Variable-Length Window



RNN Decoder with Variable-Length Window



• Same parameters are used at 
each input token position:
– Embeddings & Softmax.
– FCNs.
– Layer normalization.
– Attention.

51

Transformer

So

all

long and thanks for



52

Transformer Decoder with Variable-length Window

Stacked
Transformer

Blocks

So long and thanks for

long and thanks forNext token all

…

…

…

U

Input tokens

x1 x2

Language
Modeling

Head

x3 x4 x5

Input
Encoding E

1+

E
2+

E
3+

E
4+

E
5+

…

… ………

U U U U

…

logits logits logits logits logits



• Language modeling definition:

– Causal vs. Masked language modeling.

• N-gram language models.

• Neural language models.

– Encoder, Decoder, Encoder-Decoder architectures.

– FCNs → RNNs → Transformer

• Large Language Models (LLM) basics:

– Autoregressive Generation and Training Scheme.

53

Outline

• The AI Inverse Problem:

– From predicting words to AI.

• What is Intelligence?



Three architectures for Large Language models

Decoders     Encoders        Encoder-decoders
GPT, Claude,    BERT family,  Flan-T5, 
Llama, Qwen    RoBERTa,   Whisper
Grok      HuBERT

w w w

w w w

w w w w w

w w w w w

w w w w w

EncoderDecoder Encoder-Decoder



What is a large language model?

input 
context

output
.44
.33

all

the

your

that

.15

.08

p(w|context)

Transformer (or other decoder)

long and thanks forSo ?

A neural network with:
 Input: a context or prefix, 
 Output: a distribution over possible next words 



LLMs can generate! 
A model that gives a probability distribution over next words can generate
by repeatedly sampling from the distribution 

output
.44
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Using LLMs: Autoregressive Generation

https://web.stanford.edu/~jurafsky/slp3/9.pdf

GPT

LLM one-token distribution computation LLM multi-token autoregressive generation

https://web.stanford.edu/~jurafsky/slp3/9.pdf


Large 
Language 
Models

Conditional Generation of Text



Autoregressive Conditional Generation

1. Give the LLM an input piece of text, a prompt
2. Have it generate text, token by token:

• conditioned on the prompt and the generated tokens

We generate from a model by 
1. computing the probability of the next token wi from the prior 

context: P(wi|w<i) 
2. sampling from that distribution to generate a token



Many NLP tasks can be cast as conditional generation

Sentiment analysis: “I like Jackie Chan”
1. We give the language model this string:

The sentiment of the sentence "I 
like Jackie Chan" is: 

2. And see the distribution of the next word:



?
?

“positive”

“negative”

Transformer (or other decoder)

The sentiment of the sentence “I like Jackie Chan” is: 

probSentiment via conditional generation

10.1 • LARGE LANGUAGE MODELS WITH TRANSFORMERS 3

Prefix Text

Completion Text

Encoder

Transformer
Blocks

Softmax

long

all

and thanks for all

the

the

…

U UUnencoder layer

Language 
Modeling

Head logits

So

E
i+

E
i+

E
i+

E
i+

E
i+

E
i+

E
i+

…

Figure 10.1 Left-to-right (also called autoregressive) text completion with transformer-based large language
models. As each token is generated, it gets added onto the context as a prefix for generating the next token.

word “negative” to see which is higher:

P(positive|The sentiment of the sentence ‘‘I like Jackie Chan" is:)
P(negative|The sentiment of the sentence ‘‘I like Jackie Chan" is:)

If the word “positive” is more probable, we say the sentiment of the sentence is
positive, otherwise we say the sentiment is negative.

We can also cast more complex tasks as word prediction. Consider question
answering, in which the system is given a question (for example a question with
a simple factual answer) and must give a textual answer; we introduce this task in
detail in Chapter 15. We can cast the task of question answering as word prediction
by giving a language model a question and a token like A: suggesting that an answer
should come next:

Q: Who wrote the book ‘‘The Origin of Species"? A:

If we ask a language model to compute the probability distribution over possible
next words given this prefix:

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A:)

and look at which words w have high probabilities, we might expect to see that
Charles is very likely, and then if we choose Charles and continue and ask

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A: Charles)

we might now see that Darwin is the most probable token, and select it.
Conditional generation can even be used to accomplish tasks that must generate

longer responses. Consider the task of text summarization, which is to take a longtext
summarization

text, such as a full-length article, and produce an effective shorter summary of it. We
can cast summarization as language modeling by giving a large language model a
text, and follow the text by a token like tl;dr; this token is short for something like

Which word has a higher probability?



Framing lots of tasks as conditional generation

QA: “Who wrote The Origin of Species”

1. We give the language model this string:

2. And see what word it thinks comes next:
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Figure 10.15 Autoregressive text completion with transformer-based large language models.

word “negative” to see which is higher:

P(positive|The sentiment of the sentence “I like Jackie Chan” is:)
P(negative|The sentiment of the sentence “I like Jackie Chan” is:)

If the word “positive” is more probable, we say the sentiment of the sentence is
positive, otherwise we say the sentiment is negative.

We can also cast more complex tasks as word prediction. Consider the task
of answering simple questions, a task we return to in Chapter 14. In this task the
system is given some question and must give a textual answer. We can cast the task
of question answering as word prediction by giving a language model a question and
a token like A: suggesting that an answer should come next:

Q: Who wrote the book ‘‘The Origin of Species"? A:

If we ask a language model to compute

P(w|Q: Who wrote the book “The Origin of Species”? A:)

and look at which words w have high probabilities, we might expect to see that
Charles is very likely, and then if we choose Charles and continue and ask

P(w|Q: Who wrote the book “The Origin of Species”? A: Charles)

we might now see that Darwin is the most probable word, and select it.
Conditional generation can even be used to accomplish tasks that must generate

longer responses. Consider the task of text summarization, which is to take a longtext

summarization

text, such as a full-length article, and produce an effective shorter summary of it.
We can cast summarization as language modeling by giving a large language model
a text, and follow the text by a token like tl;dr; this token is short for something
like ‘too long; don’t read’ and in recent years people often use this token, especially
in informal work emails, when they are going to give a short summary. We can
then do conditional generation: give the language model this prefix, and then ask
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word “negative” to see which is higher:

P(positive|The sentiment of the sentence ‘‘I like Jackie Chan" is:)
P(negative|The sentiment of the sentence ‘‘I like Jackie Chan" is:)

If the word “positive” is more probable, we say the sentiment of the sentence is
positive, otherwise we say the sentiment is negative.

We can also cast more complex tasks as word prediction. Consider question
answering, in which the system is given a question (for example a question with
a simple factual answer) and must give a textual answer; we introduce this task in
detail in Chapter 15. We can cast the task of question answering as word prediction
by giving a language model a question and a token like A: suggesting that an answer
should come next:

Q: Who wrote the book ‘‘The Origin of Species"? A:

If we ask a language model to compute the probability distribution over possible
next words given this prefix:

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A:)

and look at which words w have high probabilities, we might expect to see that
Charles is very likely, and then if we choose Charles and continue and ask

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A: Charles)

we might now see that Darwin is the most probable token, and select it.
Conditional generation can even be used to accomplish tasks that must generate

longer responses. Consider the task of text summarization, which is to take a longtext
summarization

text, such as a full-length article, and produce an effective shorter summary of it. We
can cast summarization as language modeling by giving a large language model a
text, and follow the text by a token like tl;dr; this token is short for something like
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Now we iterate:
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Figure 10.1 Left-to-right (also called autoregressive) text completion with transformer-based large language
models. As each token is generated, it gets added onto the context as a prefix for generating the next token.

word “negative” to see which is higher:

P(positive|The sentiment of the sentence ‘‘I like Jackie Chan" is:)
P(negative|The sentiment of the sentence ‘‘I like Jackie Chan" is:)

If the word “positive” is more probable, we say the sentiment of the sentence is
positive, otherwise we say the sentiment is negative.

We can also cast more complex tasks as word prediction. Consider question
answering, in which the system is given a question (for example a question with
a simple factual answer) and must give a textual answer; we introduce this task in
detail in Chapter 15. We can cast the task of question answering as word prediction
by giving a language model a question and a token like A: suggesting that an answer
should come next:

Q: Who wrote the book ‘‘The Origin of Species"? A:

If we ask a language model to compute the probability distribution over possible
next words given this prefix:

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A:)

and look at which words w have high probabilities, we might expect to see that
Charles is very likely, and then if we choose Charles and continue and ask

P(w|Q: Who wrote the book ‘‘The Origin of Species"? A: Charles)

we might now see that Darwin is the most probable token, and select it.
Conditional generation can even be used to accomplish tasks that must generate

longer responses. Consider the task of text summarization, which is to take a longtext
summarization

text, such as a full-length article, and produce an effective shorter summary of it. We
can cast summarization as language modeling by giving a large language model a
text, and follow the text by a token like tl;dr; this token is short for something like
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Conditional Generation with Prompts

Prompt: a text string that a user issues to a language model 

to get the model to do something useful by conditional 

generation.

Prompt engineering: the process of finding effective 

prompts for a task.



Prompts

A direct question: 
  What is a transformer network?

Structured to fit pretraining data:
   Q: What is a transformer network? A:

An instruction: 
  Translate the following sentence into 
Hindi: ‘Chop the garlic finely’. 



Prompts can be very structured

7.3 • PROMPTING 7

?Charles

Transformer (or other decoder)

Q: Who wrote the book `The Origin of Species’ A:

prob

?
?
?

token

token

token

Figure 7.5 Answering a question by computing the probabilities of the tokens after a prefix
stating the question; in this example the correct token Charles has the highest probability.

follow instructions. This extra training is called instruction-tuning. In instruction-
tuning we take a base language model that has been trained to predict words, and
continue training it on a special dataset of instructions together with the appropriate
response to each. The data set has many examples of questions together with their
answers, commands with their responses, and other examples of how to carry on a
conversation. We’ll discuss the details of instruction-tuning in Chapter 9.

Language models that have been instruction-tuned are very good at following
instructions and answering questions and carrying on a conversation and can be
prompted. A prompt is a text string that a user issues to a language model to getprompt

the model to do something useful. In prompting, the user’s prompt string is passed to
the language model, which iteratively generates tokens conditioned on the prompt.
The process of finding effective prompts for a task is known as prompt engineering.prompt

engineering

As we suggested above when we introduced conditional generation, a prompt
can be a question (like “What is a transformer network?”), possibly in a struc-
tured format (like “Q: What is a transformer network? A:”). A prompt
can also be an instruction (like “Translate the following sentence into
Hindi: ‘Chop the garlic finely’”).

More explicit prompts that specify the set of possible answers lead to better
performance. For example here is a prompt template to do sentiment analysis that
prespecifies the potential answers:

A prompt consisting of a review plus an incomplete statement

Human: Do you think that “input” has negative or positive sentiment?
Choices:
(P) Positive
(N) Negative

Assistant: I believe the best answer is: (

This prompt uses a number of more sophisticated prompting characteristics. It
specifies the two allowable choices (P) and (N), and ends the prompt with the open
parenthesis that strongly suggests the answer will be (P) or (N). Note that it also
specifies the role of the language model as an assistant.

Including some labeled examples in the prompt can also improve performance.
We call such examples demonstrations. The task of prompting with examplesdemonstrations

is sometimes called few-shot prompting, as contrasted with zero-shot promptingfew-shot

zero-shot which means instructions that don’t include labeled examples. For example Fig. 7.6



Prompts can have demonstrations 
      also called IC/ICL examples
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shows an example of a question using 2 demonstrations, hence 2-shot prompting.
The example is drawn from a computer science question from the the MMLU dataset
described in Section 7.6 that is often used to evaluate language models.

Example of demonstrations in a computer science question from the MMLU
dataset described in Section 7.6

The following are multiple choice questions about high school computer
science.

Let x = 1. What is x << 3 in Python 3?
(A) 1 (B) 3 (C) 8 (D) 16
Answer: C

Which is the largest asymptotically?
(A) O(1) (B) O(n) (C) O(n2) (D) O(log(n))
Answer: C

What is the output of the statement “a” + “ab” in Python 3?
(A) Error (B) aab (C) ab (D) a ab
Answer:

Figure 7.6 Sample 2-shot prompt from MMLU testing high-school computer science. (The
correct answer is (B)).

Demonstrations are generally drawn from a labeled training set. They can be
selected by hand, or the choice of demonstrations can be optimized by using an op-
timizer like DSPy (Khattab et al., 2024) to automatically chose the set of demonstra-
tions that most increases task performance of the prompt on a dev set. The number
of demonstrations doesn’t need to be large; more examples seem to give diminish-
ing returns, and too many examples seems to cause the model to overfit to the exact
examples. The primary benefit of demonstrations seems more to demonstrate the
task and the format of the output rather than demonstrating the right answers for
any particular question. In fact, demonstrations that have incorrect answers can still
improve a system (Min et al., 2022; Webson and Pavlick, 2022).

Prompts are a way to get language models to generate text, but prompts can
also can be viewed as a learning signal. This is especially clear when a prompt has
demonstrations, since the demonstrations can help language models learn to perform
novel tasks from these examples of the new task. This kind of learning is different
than pretraining methods for setting language model weights via gradient descent
methods that we will describe below. The weights of the model are not updated by
prompting; what changes is just the context and the activations in the network.

We therefore call the kind of learning that takes place during prompting in-

context-learning—learning that improves model performance or reduces some lossin-context-

learning

but does not involve gradient-based updates to the model’s underlying parameters.
Large language models generally have a system prompt, a single text promptsystem prompt

that is the first instruction to the language model, and which defines the task or
role for the LM, and sets overall tone and context. The system prompt is silently
prepended to any user text. So for example a minimal system prompt that creates
a multi-turn assistant conversation might be the following including some special
metatokens:

2 demonstrations



Prompts are a learning signal

This is especially clear with demonstrations.

But this is a different kind of learning than pretraining:

• Pretraining sets language model weights via gradient descent

• Prompting just changes the context and the activations in the network; no parameters 
change

Some people call this in-context learning—learning that improves model performance but 

does not update parameters.

Less confusing term would be in-context examples.



LLMs usually have a system prompt

<system>You are a helpful and knowledgeable assistant. Answer 
concisely and correctly.

This is automatically and silently concatenated to a user prompt.
• Intended to specify persona, role, behavior constraints.

<system> You are a helpful and knowledgeable assistant. Answer 
concisely and correctly. 
<user> What is the capital of France?



System prompts can be long; 1700 words for Claude Opus4 

Claude should give concise responses to very simple questions, but provide 
thorough responses to complex and open-ended questions.
Claude is able to explain difficult concepts or ideas clearly.  It can also illustrate 
its explanations with examples, thought experiments, or metaphors.
Claude does not provide information that could be used to make chemical or 
biological or nuclear weapons.
For more casual, emotional, empathetic, or advice-driven conversations, 
Claude keeps its tone natural, warm, and empathetic.
Claude cares about people’s well-being and avoids encouraging or facilitating 
self-destructive behavior.
If Claude provides bullet points in its response, it should use markdown, and 
each bullet point should be at least 1-2 sentences long unless the human 
requests otherwise.

Some extracts:
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Language 
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Sampling for LLM Generation



Where does token probability come from?
The internal networks for LLMs generate real-valued scores called logits 
for each token in the vocabulary. 
Score vector u  of shape [1 × |V|] is turned into a probability by softmax:
      y = softmax(u) 
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Neural Language Modeling: Decoder
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Decoding

Decoding: the task of choosing a word to generate based on 

the model’s probabilities, i.e., sampling words.

Autoregressive generation: Decoding from a model left-to-

right, and repeatedly choosing the next token conditioned on 

previously generated tokens.



Greedy decoding

A greedy algorithm is one that makes a choice that is locally 
optimal:
• whether or not it will turn out to have been the best choice in 

hindsight.

Greedy decoding = simply generate the most probable word:

10 CHAPTER 7 • LARGE LANGUAGE MODELS

The generation depends on the probability of each token, so let’s remind our-
selves where this probability distribution comes from. The internal networks for
language models (whether transformers or alternatives like LSTMs or state space
models) generate scores called logits (real valued numbers) for each token in the vo-
cabulary. This score vector u is then normalized by softmax to be a legal probability
distribution, just as we saw for logistic regression in Chapter 4. So if we have a logit
vector u of shape [1⇥ |V |] that gives a score for each possible next token, we can
pass it through a softmax to get a vector y, also of shape [1⇥ |V |], which assigns a
probability to each token in the vocabulary, as shown in the following equation:

y = softmax(u) (7.1)

Fig. 7.7 shows an example in which the softmax is computed for pedagogical pur-
poses on a simplified vocabulary of only 4 words.
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Figure 7.7 Taking the logit vector u and using the softmax to create a probability vector y.

Now given this probability distribution over tokens, we need to select one token
to generate. The task of choosing a token to generate based on the model’s probabil-
ities is often called decoding. As we mentioned above, decoding from a languagedecoding

model in a left-to-right manner (or right-to-left for languages like Arabic in which
we read from right to left), and thus repeatedly choosing the next token conditioned
on our previous choices is called autoregressive generation.1autoregressive

generation

7.4.1 Greedy decoding

The simplest way to generate tokens is to always generate the most likely token
given the context, which is called greedy decoding. A greedy algorithm is onegreedy

decoding

that makes a choice that is locally optimal, whether or not it will turn out to have
been the best choice with hindsight. Thus in greedy decoding, at each time step in
generation, we turn the logits into a probability distribution over tokens and then we
choose as the output wt the token in the vocabulary that has the highest probability
(the argmax):

ŵt = argmaxw2V P(w|w<t) (7.2)

Fig. 7.8 shows that in our example, the model chooses to generate all.

1 Technically an autoregressive model predicts a value at time t based on a linear function of the values
at times t �1, t �2, and so on. Although language models are not linear (since, as we will see, they have
many layers of non-linearities), we loosely refer to this generation technique as autoregressive since the
token generated at each time step is conditioned on the token selected by the network from the previous
step. As we’ll see, alternatives like the masked language models of Chapter 10 are non-causal because
they can predict tokens based on both past and future tokens).



Greedy decoding: choosing token that has 
maximum probability
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Random sampling decoding

Sampling from a distribution means to choose random points according 
to their likelihood:
• Sampling from an LM means to choose the next token to generate 

according to the LM probability.
 
Multinomial sampling: We randomly select a token to generate 
according to its LM probability, conditioned on previous choices

Decoding:
• Sample token, append it to the input sequence.
• Repeat until EOS token is generated.



Random Sampling

Transformer (or other decoder)

long and thanks forSo ?
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Random sampling
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as defined by the model. Thus we are more likely to generate words that the model
thinks have a high probability in the context and less likely to generate words that
the model thinks have a low probability.

We saw back in Chapter 3 on page ?? how to generate text from a unigram lan-
guage model , by repeatedly randomly sampling words according to their probability
until we either reach a pre-determined length or select the end-of-sentence token. To
generate text from a trained transformer language model we’ll just generalize this
model a bit: at each step we’ll sample words according to their probability condi-
tioned on our previous choices, and we’ll use a transformer language model as the
probability model that tells us this probability.

We can formalize this algorithm for generating a sequence of words W = w1,w2, . . . ,wN
until we hit the end-of-sequence token, using x ⇠ p(x) to mean ‘choose x by sam-
pling from the distribution p(x):

i 1
wi ⇠ p(w)
while wi != EOS

i i + 1
wi ⇠ p(wi | w<i)

The algorithm above is called random sampling, and it turns out random sam-random
sampling

pling doesn’t work well enough. The problem is that even though random sampling
is mostly going to generate sensible, high-probable words, there are many odd, low-
probability words in the tail of the distribution, and even though each one is low-
probability, if you add up all the rare words, they constitute a large enough portion
of the distribution that they get chosen often enough to result in generating weird
sentences. For this reason, instead of random sampling, we usually use sampling
methods that avoid generating the very unlikely words.

The sampling methods we introduce below each have parameters that enable
trading off two important factors in generation: quality and diversity. Methods
that emphasize the most probable words tend to produce generations that are rated
by people as more accurate, more coherent, and more factual, but also more boring
and more repetitive. Methods that give a bit more weight to the middle-probability
words tend to be more creative and more diverse, but less factual and more likely to
be incoherent or otherwise low-quality.

10.2.1 Top-k sampling
Top-k sampling is a simple generalization of greedy decoding. Instead of choosingtop-k sampling

the single most probable word to generate, we first truncate the distribution to the
top k most likely words, renormalize to produce a legitimate probability distribution,
and then randomly sample from within these k words according to their renormalized
probabilities. More formally:

1. Choose in advance a number of words k

2. For each word in the vocabulary V , use the language model to compute the
likelihood of this word given the context p(wt |w<t)

3. Sort the words by their likelihood, and throw away any word that is not one of
the top k most probable words.

4. Renormalize the scores of the k words to be a legitimate probability distribu-
tion.



Greedy Decoding vs. Multinomial Sampling

Greedy Decoding useful when trying to get the “best” answer 
from the LLM, in one autoregressive generation.
• Coding, math, …
• Because the tokens it chooses are extremely predictable, 

the result can be generic and repetitive.

Multinomial Sampling useful when:
• Prefer text that is more diverse.
• Need to generate multiple sequences, then select the best 

one:
• Coding: generate multiple programs, select the one that passes 

all tests.



Alas, random sampling doesn't work very well

Even though random sampling mostly generate 
sensible, high-probable words, 
There are many odd, low-probability words in the tail 
of the distribution:
• Each one is low- probability, but added up they 

constitute a large portion of the distribution.
• So they get picked enough to generate weird 

sentences.



Factors in word sampling: quality and diversity

Emphasize high-probability words 
 + quality: more  accurate, coherent, and factual. 
- diversity: boring, repetitive. 

Emphasize middle-probability words 
+ diversity: more creative, diverse. 
- quality: less factual, incoherent



Temperature sampling

Reshape the probability distribution to either:
• increase/decrease the probability of the high probability tokens.
• decrease/increase the probability of the low probability tokens.

Divide the logit by a temperature parameter τ before passing it 
through the softmax.

• Instead of:

• We compute:  
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5. Randomly sample a word from within these remaining k most-probable words
according to its probability.

When k = 1, top-k sampling is identical to greedy decoding. Setting k to a larger
number than 1 leads us to sometimes select a word which is not necessarily the most
probable, but is still probable enough, and whose choice results in generating more
diverse but still high-enough-quality text.

10.2.2 Nucleus or top-p sampling
One problem with top-k sampling is that k is fixed, but the shape of the probability
distribution over words differs in different contexts. If we set k = 10, sometimes
the top 10 words will be very likely and include most of the probability mass, but
other times the probability distribution will be flatter and the top 10 words will only
include a small part of the probability mass.

An alternative, called top-p sampling or nucleus sampling (Holtzman et al.,top-p sampling

2020), is to keep not the top k words, but the top p percent of the probability mass.
The goal is the same; to truncate the distribution to remove the very unlikely words.
But by measuring probability rather than the number of words, the hope is that the
measure will be more robust in very different contexts, dynamically increasing and
decreasing the pool of word candidates.

Given a distribution P(wt |w<t), the top-p vocabulary V (p) is the smallest set of
words such that

X

w2V (p)

P(w|w<t) � p. (10.2)

10.2.3 Temperature sampling
In temperature sampling, we don’t truncate the distribution, but instead reshapetemperature

sampling
it. The intuition for temperature sampling comes from thermodynamics, where a
system at a high temperature is very flexible and can explore many possible states,
while a system at a lower temperature is likely to explore a subset of lower energy
(better) states. In low-temperature sampling, we smoothly increase the probability
of the most probable words and decrease the probability of the rare words.

We implement this intuition by simply dividing the logit by a temperature param-
eter t before we normalize it by passing it through the softmax. In low-temperature
sampling, t 2 (0,1]. Thus instead of computing the probability distribution over the
vocabulary directly from the logit as in the following (repeated from (??)):

y = softmax(u) (10.3)

we instead first divide the logits by t , computing the probability vector y as

y = softmax(u/t) (10.4)

Why does this work? When t is close to 1 the distribution doesn’t change much.
But the lower t is, the larger the scores being passed to the softmax (dividing by a
smaller fraction t  1 results in making each score larger). Recall that one of the
useful properties of a softmax is that it tends to push high values toward 1 and low
values toward 0. Thus when larger numbers are passed to a softmax the result is
a distribution with increased probabilities of the most high-probability words and
decreased probabilities of the low probability words, making the distribution more
greedy. As t approaches 0 the probability of the most likely word approaches 1.
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5. Randomly sample a word from within these remaining k most-probable words
according to its probability.

When k = 1, top-k sampling is identical to greedy decoding. Setting k to a larger
number than 1 leads us to sometimes select a word which is not necessarily the most
probable, but is still probable enough, and whose choice results in generating more
diverse but still high-enough-quality text.

10.2.2 Nucleus or top-p sampling
One problem with top-k sampling is that k is fixed, but the shape of the probability
distribution over words differs in different contexts. If we set k = 10, sometimes
the top 10 words will be very likely and include most of the probability mass, but
other times the probability distribution will be flatter and the top 10 words will only
include a small part of the probability mass.

An alternative, called top-p sampling or nucleus sampling (Holtzman et al.,top-p sampling

2020), is to keep not the top k words, but the top p percent of the probability mass.
The goal is the same; to truncate the distribution to remove the very unlikely words.
But by measuring probability rather than the number of words, the hope is that the
measure will be more robust in very different contexts, dynamically increasing and
decreasing the pool of word candidates.

Given a distribution P(wt |w<t), the top-p vocabulary V (p) is the smallest set of
words such that

X

w2V (p)

P(w|w<t) � p. (10.2)

10.2.3 Temperature sampling
In temperature sampling, we don’t truncate the distribution, but instead reshapetemperature

sampling
it. The intuition for temperature sampling comes from thermodynamics, where a
system at a high temperature is very flexible and can explore many possible states,
while a system at a lower temperature is likely to explore a subset of lower energy
(better) states. In low-temperature sampling, we smoothly increase the probability
of the most probable words and decrease the probability of the rare words.

We implement this intuition by simply dividing the logit by a temperature param-
eter t before we normalize it by passing it through the softmax. In low-temperature
sampling, t 2 (0,1]. Thus instead of computing the probability distribution over the
vocabulary directly from the logit as in the following (repeated from (??)):

y = softmax(u) (10.3)

we instead first divide the logits by t , computing the probability vector y as

y = softmax(u/t) (10.4)

Why does this work? When t is close to 1 the distribution doesn’t change much.
But the lower t is, the larger the scores being passed to the softmax (dividing by a
smaller fraction t  1 results in making each score larger). Recall that one of the
useful properties of a softmax is that it tends to push high values toward 1 and low
values toward 0. Thus when larger numbers are passed to a softmax the result is
a distribution with increased probabilities of the most high-probability words and
decreased probabilities of the low probability words, making the distribution more
greedy. As t approaches 0 the probability of the most likely word approaches 1.

0 ≤ τ ≤ 1   vs.   1 < τ ≤ ∞



Temperature sampling

a
b
c
d

logits probabilities

…

softmax
<latexit sha1_base64="lLjYsJ0298yNwV4fBI/WsQilXNU=">AAACUHicdZFLSwMxFIXv1Pf4qrp0M1iEuikzIupSdONSwT6wU0omvVODmQfJHbEM8xPduPN3uHGhaPoQ1NoLIYfz3UuSkyCVQpPrvlilufmFxaXlFXt1bX1js7y13dBJpjjWeSIT1QqYRilirJMgia1UIYsCic3g/mLImw+otEjiGxqk2IlYPxah4IyM1S33/VAxnvuEj5TjY1pU2UGR3xa+b0+RYCbhM0lvQrrliltzR+VMC28iKjCpq2752e8lPIswJi6Z1m3PTamTM0WCSyxsP9OYMn7P+tg2MmYR6k4+CqRw9o3Tc8JEmRWTM3J/TuQs0noQBaYzYnSn/7Kh+R9rZxSednIRpxlhzMcHhZl0KHGG6To9oZCTHBjBuBLmrg6/YyYTMn9gmxC8v0+eFo3DmndcO74+qpydT+JYhl3Ygyp4cAJncAlXUAcOT/AK7/BhPVtv1mfJGrd+77ADv6pkfwHMyrcq</latexit>

exp(a)

Z
exp(b)

Z
exp(c)

Z
exp(d)

Z

…

where
<latexit sha1_base64="slkKS32ZjetCo4TC0WjiNWsXOvk=">AAACMHicbVBLSwMxEM7Wd31VPXoJFqEiLLsi1YtQ9KBHBWuL3VKy6bQNzT5IZqVl6U/y4k/Ri4IiXv0VprWH2joQ+B4zTObzYyk0Os6blZmbX1hcWl7Jrq6tb2zmtrbvdJQoDmUeyUhVfaZBihDKKFBCNVbAAl9Cxe9eDP3KAygtovAW+zHUA9YORUtwhkZq5C7v6Rn1EHqYQi8eFNiB5x1OcH+K8yneHHLbthu5vGM7o6KzwB2DPBnXdSP37DUjngQQIpdM65rrxFhPmULBJQyyXqIhZrzL2lAzMGQB6Ho6OnhA943SpK1ImRciHamTEykLtO4HvukMGHb0tDcU//NqCbZO66kI4wQh5L+LWomkGNFherQpFHCUfQMYV8L8lfIOU4yjyThrQnCnT54Fd0e2W7SLN8f50vk4jmWyS/ZIgbjkhJTIFbkmZcLJI3kh7+TDerJerU/r67c1Y41ndsifsr5/AMbSqM8=</latexit>

Z = exp(a)

+exp(b)

+exp(c)

+exp(d)

+...

u y

a
b
c
d

logits probabilities

…

softmax
with

temperature

…

where

<latexit sha1_base64="T7dRSbxSPkmDhGf7oKNV2kNrMwI=">AAACZHicfZFLS8NAFIUn8dFaX6nFlSDBIuimJiLVZdGNywr2gU0pk+mNDp08mLmRlpA/6c6lG3+H08eiWumFgcP57uXOnPETwRU6zqdhbmxubReKO6Xdvf2DQ6t81FZxKhm0WCxi2fWpAsEjaCFHAd1EAg19AR1/9DDlnXeQisfRM04S6If0NeIBZxS1NbAyL5CUZR7CGDMYJ/kFvfKQppd59pJ7XmkF++sxW4+Hy3hgVZ2aMyt7VbgLUSWLag6sD28YszSECJmgSvVcJ8F+RiVyJiAveamChLIRfYWelhENQfWzWUi5fa6doR3EUp8I7Zm7PJHRUKlJ6OvOkOKb+sum5n+sl2Jw1894lKQIEZsvClJhY2xPE7eHXAJDMdGCMsn1XW32RnUwqP+lpENw/z55VbSva269Vn+6qTbuF3EUyQk5IxfEJbekQR5Jk7QII19GwbCMsvFt7pkV83jeahqLmQr5VebpD24juks=</latexit>

exp(a/⌧)

Z
exp(b/⌧)

Z
exp(c/⌧)

Z
exp(d/⌧)

Z

<latexit sha1_base64="lcYQ3ehha04wqOdeev6WbvHrfSk=">AAACRHicbZBLSwMxFIUzvq2vUZdugkVQhHFGpLoRRDcuFWwtdkrJpLc2NPMguSMtQ3+cG3+AO3+BGxeKuBXTWqS2PRA4fOdekpwgkUKj675YU9Mzs3PzC4u5peWV1TV7faOk41RxKPJYxqocMA1SRFBEgRLKiQIWBhJug9ZFL799AKVFHN1gJ4FqyO4j0RCcoUE1u3JHT6mP0MYM2kl3lx34yNI9398fgsEkyCfB+h90HKdm513H7YuOG29g8mSgq5r97NdjnoYQIZdM64rnJljNmELBJXRzfqohYbzF7qFibMRC0NWsX0KX7hhSp41YmRMh7dPhjYyFWnfCwEyGDJt6NOvBSVklxcZJNRNRkiJE/PeiRiopxrTXKK0LBRxlxxjGlTBvpbzJFONoes+ZErzRL4+b0qHjFZzC9VH+7HxQxwLZIttkl3jkmJyRS3JFioSTR/JK3smH9WS9WZ/W1+/olDXY2ST/ZH3/ACFjsOs=</latexit>

Z = exp(a/⌧)

+exp(b/⌧)

+exp(c/⌧)

+exp(d/⌧)

+...

u y

(a) (b)



Temperature sampling

Why does this work?
• When τ is close to 1 the distribution doesn’t change much. 
• When τ is close to 0, larger scores are amplified more by softmax:
• Softmax pushes high values toward 1 and low values toward 0. 
• Large inputs pushes high-probability words higher and low probability word 

lower,  making the distribution more greedy. 
• As τ approaches 0, the probability of most likely word approaches 1.

• When τ is close to ∞, all scores becomes closer to 0 and equal to each 
other.

10.2 • SAMPLING FOR LLM GENERATION 7

5. Randomly sample a word from within these remaining k most-probable words
according to its probability.

When k = 1, top-k sampling is identical to greedy decoding. Setting k to a larger
number than 1 leads us to sometimes select a word which is not necessarily the most
probable, but is still probable enough, and whose choice results in generating more
diverse but still high-enough-quality text.

10.2.2 Nucleus or top-p sampling
One problem with top-k sampling is that k is fixed, but the shape of the probability
distribution over words differs in different contexts. If we set k = 10, sometimes
the top 10 words will be very likely and include most of the probability mass, but
other times the probability distribution will be flatter and the top 10 words will only
include a small part of the probability mass.

An alternative, called top-p sampling or nucleus sampling (Holtzman et al.,top-p sampling

2020), is to keep not the top k words, but the top p percent of the probability mass.
The goal is the same; to truncate the distribution to remove the very unlikely words.
But by measuring probability rather than the number of words, the hope is that the
measure will be more robust in very different contexts, dynamically increasing and
decreasing the pool of word candidates.

Given a distribution P(wt |w<t), the top-p vocabulary V (p) is the smallest set of
words such that

X

w2V (p)

P(w|w<t) � p. (10.2)

10.2.3 Temperature sampling
In temperature sampling, we don’t truncate the distribution, but instead reshapetemperature

sampling
it. The intuition for temperature sampling comes from thermodynamics, where a
system at a high temperature is very flexible and can explore many possible states,
while a system at a lower temperature is likely to explore a subset of lower energy
(better) states. In low-temperature sampling, we smoothly increase the probability
of the most probable words and decrease the probability of the rare words.

We implement this intuition by simply dividing the logit by a temperature param-
eter t before we normalize it by passing it through the softmax. In low-temperature
sampling, t 2 (0,1]. Thus instead of computing the probability distribution over the
vocabulary directly from the logit as in the following (repeated from (??)):

y = softmax(u) (10.3)

we instead first divide the logits by t , computing the probability vector y as

y = softmax(u/t) (10.4)

Why does this work? When t is close to 1 the distribution doesn’t change much.
But the lower t is, the larger the scores being passed to the softmax (dividing by a
smaller fraction t  1 results in making each score larger). Recall that one of the
useful properties of a softmax is that it tends to push high values toward 1 and low
values toward 0. Thus when larger numbers are passed to a softmax the result is
a distribution with increased probabilities of the most high-probability words and
decreased probabilities of the low probability words, making the distribution more
greedy. As t approaches 0 the probability of the most likely word approaches 1.

0 ≤ τ ≤ 1   vs.   1 < τ ≤ ∞
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Temperature sampling comes from Thermodynamics

At high temperature (τ > 1), a system is flexible and can explore many 
possible states:
• A system at lower temperature is likely to explore a subset of 

lower energy (better) states.

 In low-temperature sampling,  (τ ≤ 1) we smoothly:
• increase the probability of the most probable words
• decrease the probability of the rare words. 



Top-K vs. Top-p (Nucleus) Sampling

Top-K sampling:
• Sample only from the top-K probability tokens.

Top-p sampling:
• Sample only from the top probability tokens whose total probability 

mass is equal to p. 

In bot top-K and top-p sampling: renormalize the token probabilities to 
sum up to 1.
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Training LLMs: Pretraining, Instruction tuning, Alignment

Self-Supervised 
Pretraining

Instruction  
Fine Tuning

Human Preference 
Alignment

Pretrained 
Model

Instruct 
Model

Aligned 
Model

once upon a time …

for j in range …

la puerta esta abierta …

LM objective:
next token prediction

LM objective:
next answer token prediction

Prompt: Explain the moon

                landing to a 6 year old.

Answer: Some people went … Explain the moon landing to a 6yr old.

Some people went … In 1969, Apollo 11 …

Preference optimization:
PPO, DPO, …

GPT

Gemini

Claude



Pretraining: Language Modeling (LM) Objective

• Causal Language Modeling:
– Predict the next word in a sequence:

• AI systems use machine _____
   eat?
           learning?
           frogs?
   …

• The LM estimates P(word | word-1, word-2, ...)
– we want P(learning | machine, use)   >>   P(about | machine, eat).

– Decoder neural architectures are widely used to train LMs:
• GPT, Gemini, Llama, Grok, Mixtral, Claude, …

• Pretraining = training to predict next word given on a very large corpus of text. 
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Pretraining: Self-supervised training algorithm

We train to predict the next word => classification:
1. Take a corpus of text 
2. At each time step t 

i. ask the model to predict the next word (distribution).
ii. update the model using gradient descent to minimize the 

error in this prediction.

Self-supervised because it just uses the next word as the 
label.



Intuition of Language Modeling objective

Same loss function as in classification, cross-entropy loss:
• We want the model to assign a high probability to true 

word w
• = want loss to be high if the model assigns too low a 

probability to w

CE Loss: The negative log probability that the model 
assigns to the true next word w
• If the model assigns too low a probability to w
• We move the model weights in the direction that assigns a 

higher probability to w



Cross-entropy loss for language modeling

CE loss: “difference” between correct probability distribution and predicted distribution: 

The correct distribution yt is 1 for the actual next word, and 0 for the others. In the sum, all 
terms get multiplied by 0, except one: the logp the model assigns to the correct next word w:
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Note, by the way, that there can be other situations where we may want to do
something quite different and flatten the word probability distribution instead of
making it greedy. Temperature sampling can help with this situation too, in this case
high-temperature sampling, in which case we use t > 1.

10.3 Pretraining Large Language Models

How do we teach a transformer to be a language model? What is the algorithm and
what data do we train on?

10.3.1 Self-supervised training algorithm
To train a transformer as a language model, we use the same self-supervision (orself-supervision

self-training) algorithm we saw in Section ??: we take a corpus of text as training
material and at each time step t ask the model to predict the next word. We call
such a model self-supervised because we don’t have to add any special gold labels
to the data; the natural sequence of words is its own supervision! We simply train the
model to minimize the error in predicting the true next word in the training sequence,
using cross-entropy as the loss function.

Recall that the cross-entropy loss measures the difference between a predicted
probability distribution and the correct distribution.

LCE = �
X

w2V

yt [w] log ŷt [w] (10.5)

In the case of language modeling, the correct distribution yt comes from knowing the
next word. This is represented as a one-hot vector corresponding to the vocabulary
where the entry for the actual next word is 1, and all the other entries are 0. Thus,
the cross-entropy loss for language modeling is determined by the probability the
model assigns to the correct next word (all other words get multiplied by zero). So
at time t the CE loss in (10.5) can be simplified as the negative log probability the
model assigns to the next word in the training sequence.

LCE(ŷt ,yt) = � log ŷt [wt+1] (10.6)

Thus at each word position t of the input, the model takes as input the correct se-
quence of tokens w1:t , and uses them to compute a probability distribution over
possible next words so as to compute the model’s loss for the next token wt+1. Then
we move to the next word, we ignore what the model predicted for the next word
and instead use the correct sequence of tokens w1:t+1 to estimate the probability of
token wt+2. This idea that we always give the model the correct history sequence to
predict the next word (rather than feeding the model its best case from the previous
time step) is called teacher forcing.teacher forcing

Fig. 10.4 illustrates the general training approach. At each step, given all the
preceding words, the final transformer layer produces an output distribution over
the entire vocabulary. During training, the probability assigned to the correct word
is used to calculate the cross-entropy loss for each item in the sequence. The loss
for a training sequence is the average cross-entropy loss over the entire sequence.
The weights in the network are adjusted to minimize the average CE loss over the
training sequence via gradient descent.
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Teacher Forcing

• At each token position t, model sees all the correct tokens so 
far w1:t:

• Computes  loss (–log probability) for the next token wt+1 

• At next token position t+1 we ignore what model predicted:
• Instead, we take the correct word wt+1, add it to context, move on



Pretraining an RNN/Transformer language model

long and thanks forTrue next token all
CE Loss

per token

…

So long and thanks for …

…

Input tokens

…−log ylong −log yand −log ythanks −log yfor −log yall

LLM

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop

ŷ back
prop



LLMs are mainly pretrained on the web

Common Crawl repository:
• snapshots of the entire web produced by the non- profit 

Common Crawl with billions of pages.

Colossal Clean Crawled Corpus (C4; Raffel et al. 2020):
• 156 billion tokens of English,  filtered.

• Mostly patent text documents, Wikipedia, and news sites. 

https://commoncrawl.org

https://commoncrawl.org/


The Pile: a pretraining corpus

Figure 1: Treemap of Pile components by effective size.

troduce a new filtered subset of Common Crawl,
Pile-CC, with improved extraction quality.

Through our analyses, we confirm that the Pile is
significantly distinct from pure Common Crawl
data. Additionally, our evaluations show that the
existing GPT-2 and GPT-3 models perform poorly
on many components of the Pile, and that models
trained on the Pile significantly outperform both
raw and filtered Common Crawl models. To com-
plement the performance evaluations, we also per-
form an exploratory analysis of the text within the
Pile to provide a detailed picture of the data. We
hope that our extensive documentation of the con-
struction and characteristics of the Pile will help
researchers make informed decisions about poten-
tial downstream applications.

Finally, we make publicly available the preprocess-
ing code for the constituent datasets of the Pile and
the code for constructing alternative versions2. In
the interest of reproducibility, we also document
all processing performed on each dataset (and the
Pile as a whole) in as much detail as possible. For
further details about the processing of each dataset,
see Section 2 and Appendix C.

2
https://github.com/EleutherAI/

the-pile

1.1 Contributions
The core contributions of this paper are:

1. The introduction of a 825.18 GiB english-
language dataset for language modeling com-
bining 22 diverse sources.

2. The introduction of 14 new language model-
ing datasets, which we expect to be of inde-
pendent interest to researchers.

3. Evaluations demonstrating significant im-
provements across many domains by GPT-2-
sized models trained on this new dataset, com-
pared to training on CC-100 and raw Common
Crawl.

4. The investigation and documentation of this
dataset, which we hope will better inform re-
searchers about how to use it as well as moti-
vate them to undertake similar investigations
of their own data.

2 The Pile Datasets

The Pile is composed of 22 constituent sub-datasets,
as shown in Table 1. Following Brown et al. (2020),
we increase the weights of higher quality compo-
nents, with certain high-quality datasets such as
Wikipedia being seen up to 3 times (“epochs”) for

2

webacademics books

dialog

https://pile.eleuther.ai

https://pile.eleuther.ai/


Filtering for quality and safety

Quality is subjective:
• Many LLMs attempt to match Wikipedia, books, particular websites.
• Need to remove boilerplate, adult content,
• Deduplication at many levels (URLs, documents, even lines).

Safety also subjective
• Toxicity detection is important, although that has mixed results.
• Can mistakenly flag data written in dialects like African American 

English.



There are problems with scraping from the web



Potential problems with scraping from the web

Copyright: much of the text in these datasets is copyrighted
• Not clear if fair use doctrine in US allows for this use
• This remains an open legal question across the world
Data consent:
• Website owners can indicate they don't want their site crawled
Privacy: 
• Websites can contain private IP addresses and phone numbers.
Skew:
• Training data is disproportionately generated by authors from the 

US which probably skews resulting topics and opinions



Plagiarism in generated output

AudioLM: A Language Modeling Approach to Audio Generation
• https://google-research.github.io/seanet/audiolm/examples

AudioLM plagiarized the 3rd movement of the Moonlight sonata, the 
motif starting at minute 10:46.
https://youtu.be/4591dCHe_sE?t=644

https://research.google/blog/audiolm-a-language-modeling-approach-to-audio-generation/
https://google-research.github.io/seanet/audiolm/examples
https://google-research.github.io/seanet/audiolm/examples
https://google-research.github.io/seanet/audiolm/examples
https://google-research.github.io/seanet/audiolm/examples
https://youtu.be/4591dCHe_sE?t=644


Plagiarism in generated output

NotebookLM has a podcast feature:
https://notebooklm.google/audio

Former "Morning Edition" host David Greene alleges in a lawsuit that 
Google patterned the "voice" of one of its AI products after his 
without permission.
https://www.npr.org/2026/02/17/nx-s1-5716055/former-morning-
edition-host-accuses-google-of-stealing-his-voice-for-ai-product

https://notebooklm.google/audio
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Finetuning for adaptation to new domains

What happens if we need our LLM to work well on a domain 
it didn't see in pretraining?

Perhaps some specific medical or legal domain?

Or maybe a multilingual LM needs to see more data on some 
language that was rare in pretraining?



Finetuning

Fine-
tuning 
Data

Pretraining Data

Pretraining
… … …

Fine-tuning
… … …

Pretrained LM Fine-tuned LM



"Finetuning" means 4 different things

We'll discuss 1 here, and 3 in later lectures.

In all four cases, finetuning means:

Taking a pretrained model and further adapting 

some or all of its parameters to some new data.



1. Finetuning as "continued pretraining" on new data

Further train all the parameters of model on new data:

• Using the same method (word prediction) and loss function 

(cross-entropy loss) as for pretraining.

• As if the new data were at the tail end of the pretraining data.

• Hence sometimes called continued pretraining.



Knowledge Distillation

Distillation is a special type of fine-tuning:

• A "student" model is trained to reproduce the behavior and 
performance of a complex “teacher” model.

• Multiple approaches, depending on what is available from teacher:
1. Train student to match the softmax distribution of the teacher:

◦ Minimize KL-divergence(Pstudent, Pteacher)

2. Train student on <prompt, teacher output> pairs from teacher.
 https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks

https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks
https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks


• Chapter 7 on LLMs from J & M, up to and including section 7.4.
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Supplemental Reading

https://web.stanford.edu/~jurafsky/slp3/7.pdf
https://web.stanford.edu/~jurafsky/slp3/7.pdf

